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Abstract; Graph Neural Networks ( GNN) has gained wide attention in text classification tasks because of its novelty of structure.
Aiming at the problems that GNN is prone to overfitting and insufficient feature information when the training dataset is small, we propose
the Att—-DASA-ReGNN model. The model applied EDA and Self-Attention techniques to improve the overfitting in the data feature ex-
traction stage. Aiming at the problem that the word embedding method of the original model is insufficient to capture high—order neigh-
borhood information with high dimensions and sparseness, the regional word embedding technology is introduced in the model. The
technique further strengthens the relationship between word levels, making it easier for models to capture high—order neighborhood infor-
mation , thereby mitigating the impact of data sparsity. In order to further improve the text classification accuracy of the model, the
interactive stage of the graph—word features of the model improves the attention weight extraction method by introducing Soft—Attention
technology. Finally,simulation experiments on various datasets show that the classification accuracy of the model is improved to varying
degrees compared with the previous model.
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